Adenocarcinoma is the predominant histological subtype of lung cancer, the leading cause of cancer deaths in the world. At stage I, the tumor is cured by surgery alone in about 60% of cases. Markers are needed to stratify patients by prognostic outcomes and may help in devising more effective therapies for poor prognosis patients. To achieve this goal, we used an integrated strategy combining meta-analysis of published lung cancer microarray data with expression profiling from an experimental model. The resulting 80-gene model was tested on an independent cohort of patients using RT-PCR, resulting in a 10-gene predictive model that exhibited a prognostic accuracy of approximately 75% in stage I lung adenocarcinoma when tested on 2 additional independent cohorts. Thus, we have identified a predictive signature of limited size that can be analyzed by RT-PCR, a technology that is easy to implement in clinical laboratories.
Introduction
Lung cancer is the leading cause of cancer deaths in the world (1) . The prognosis of non-small cell lung carcinoma (NSCLC) largely depends on tumor stage; indeed, the overall low survival rate (about 15% at 5 years; ref.
2) is primarily due to the high frequency of late diagnosis, when the tumor has become unresectable. Conversely, early-stage NSCLC patients (stage I-II) have a significantly better prognosis (30%-60% survival at 5 years; ref. 3) .
One important issue in stage I NSCLC is that current diagnostic tools do not allow precise prognostic evaluation. In turn, this limits the power of clinical trials aimed at ameliorating prognosis through multimodality therapy. A case in point is represented by adjuvant chemotherapy, on which conflicting results in stage IB have been reported (4) (5) (6) . Consequently, there is presently no indication for adjuvant treatment in stage I NSCLC (7, 8) . Evidently enough, the availability of accurate prognostic markers might change this picture by allowing the selection, for clinical trials, of only those patients with a high risk of relapse. Thus, there is need for reliable prognostic indicators, both for diagnostic and prognostic purposes and for the design of clinical trials.
Microarray gene expression profiling has been used to identify molecular subtypes of lung cancer associated with different prognostic outcomes (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) . Moreover, a proteomic-based approach allowed Yanagisawa et al. to distinguish histological subtypes of NSCLC as well as patients with resected tumors who had poor prognosis (21) . One problem with these unbiased approaches, which is particularly evident in transcriptome analysis, is the high individual genetic noise associated with each profile, which causes relative instability of the resulting signatures when these are applied to independent datasets. In addition, these signatures tend to contain a high number of genes, and the methodology used is not directly transferable to the clinical setting. Thus, there is need to develop strategies aimed at the identification of small signatures that can be easily analyzed in the clinical laboratory.
As an alternative to unbiased tumor profiling, some groups have developed approaches based on the profiling of experimental models that mimic specific oncogenic events (22) (23) (24) (25) . These "biased" approaches allowed the identification of signatures, which were subsequently validated in real human cancers, that might otherwise have been lost within the genetic noise of an unbiased profiling experiment.
We reasoned that a combination of the 2 strategies held potential for better insights into the mechanisms of lung tumorigenesis and for the definition of more reliable prognostic markers. Here, we describe an approach that integrates patterns derived from microarray lung cancer profiling from an experimental model and from known individual prognostic genes. Through this strategy, we identified a 10-gene prognostic signature in stage I lung adenocarcinoma, the predominant histological subtype of NSCLC. This signature, when tested by real-time PCR, a technology that can be rapidly implemented in a clinical setting, displayed excellent predictive power.
Results
Strategy of the integrated approach. The general strategy of our approach is illustrated in Figure 1 . Initially, we performed metaanalyses on 2 published expression datasets of lung adenocarcinomas, totaling 170 patients, from studies by Beer Table 1 ; supplemental material available online with this article; doi:10.1172/JCI32007DS1) were divided into good-and poorprognosis groups according to their clinical outcomes (see Methods). A number of patients, who did not fit the established prognostic criteria, were therefore excluded from the meta-analysis (see Methods). We refer to the datasets from the initial 170 patients as original datasets (Michigan, n = 86; Harvard, n = 84) and to those of the selected patients as reduced datasets or cohorts (Michigan, n = 41; Harvard, n = 60); each of these datasets included patients with stage I, II, and III tumors. The reduced Michigan and Harvard datasets were then analyzed to obtain lists of genes that were differentially expressed between good-and poor-prognosis patients. This led to the identification of a 49-gene prognostic model that exhibited good prognostic value on the Michigan and Harvard cohorts. More importantly, the 49-gene model was a good predictor of prognosis ( Figure 1 ) in a third independent cohort, composed of 34 stage I lung adenocarcinomas (ref. 23 ; henceforth the Duke cohort).
To improve the model, we used a biased cancer signature of 28 genes derived from an experimental model that mimics important cancer-related pathways (25) . This signature was by itself predictive of prognosis in the Duke cohort ( Figure 1 ).
Finally, we combined genes from the 2 models. We also added 3 genes identified in the literature as individual prognostic markers for stage I lung adenocarcinoma (26) (27) (28) . The resulting 80-gene model was tested in a real-time PCR-based approach on a fourth cohort of patients (henceforth the IFOM training cohort) to define a predictive model using a limited number of genes as well as a readily accessible technical platform ( Figure 1 ). By the leave-one-out validation method, we refined the model to a final 10gene model. The 10-gene model was tested on a fifth independent cohort of patients (henceforth the IFOM validation cohort) and on the Duke cohort ( Figure 1) .
Meta-analysis of 2 lung adenocarcinoma expression profile datasets. As a first approach, we assumed that a reliable list of genes that are differentially regulated in the goodversus poor-prognosis groups should be concomitantly found in independent analyses of the reduced Michigan and Harvard datasets ( Figure 1 ). Therefore, we performed a class comparison test and identified 361 unique differentially expressed genes (P < 0.05, parametric Student's t test) in the reduced Michigan cohort and 429 unique differentially expressed genes (P < 0.05, parametric Student's t test) in the reduced Harvard cohort. Twenty genes were shared between the 2 lists (P < 0.05, parametric Student's t test). The modest overlap could be explained, at least in part, by the fact that the tumors from the 2 cohorts were analyzed on different array platforms -carrying a substantially different number of genes (Harvard, 9,096; Michigan, 5,588; of which 5,249 common genes were present) -with different protocols. Moreover, individual genetic differences can have an enormous impact on genetic signatures. Thus, the inherent imbalance between conditions (hundreds of patients) and variables (thousands of genes) may generate different signatures. Indeed, a recent study proposed that, to reach an overlap of 50% between 2 lists of prognostic genes, expression profiling studies would need several thousands of patients (29) .
In a complementary approach, we assumed that a reliable list of genes should not necessarily be shared by the 2 independent analyses ( Figure 1 ). Hence, we searched for the most stably differentially expressed genes in each dataset, using a stringent P value cutoff (P < 0.001, parametric Student's t test). We found 21 unique 
Figure 1
Strategy of the study. Validation of models as good predictors of prognosis in the Duke and IFOM validation cohorts is indicated. For details, see Results and Methods.
genes in the reduced Michigan cohort and 12 unique genes in the reduced Harvard cohort, for a total of 33 unique genes. In total, by combining the 2 approaches, we identified 49 unique genes (including 4 genes in common between the approaches), which we referred to as the 49-gene model. Next, we analyzed the prognostic predictive accuracy of the 49-gene model. Predictive accuracy for the reduced datasets was 90% and 72% in the Michigan and Harvard cohorts, respectively (Supplemental Table 2 ). For the original datasets, predictive accuracy was 69% and 71% in the Michigan and Harvard cohorts, respectively (Supplemental Table 2 ). Of note, the 49-gene model performed well when compared with the 2 signatures derived by Beer et al. (9) from the Michigan cohort (Supplemental Table 2 ).
Finally, the performance of the 49-gene model was tested by Kaplan-Meier analysis on stage I adenocarcinomas ( Figure 2 ). The 49-gene model was very effective in predicting overall survival in the stage I patients from both the Michigan and the Harvard cohorts (Michigan, n = 67; Harvard, n = 62; Figure 2 and Supplemental Figure 1A ). In addition, when we tested a dataset from a third independent expression profile study, the Duke cohort (23), the 49-gene model proved remarkably effective in predicting prognosis (Supplemental Table 2 ) and overall survival ( Figure 2 and Supplemental Figure 1B ).
Analysis of an in vitro-derived transcriptional signature. We have previously shown that a biased approach to cancer transcriptomes can lead to the identification of cancer signatures (25) . In particular, a 28-gene biased signature was identified ( Figure 1 ) by profiling terminally differentiated myotubes forced to reenter the cell cycle by the viral oncoprotein early region 1A (E1A). The expression of genes from this signature was frequently found to be altered in human neoplasia (25) . Thus, we investigated whether the expression of these genes had predictive value in patients with stage I lung adenocarcinomas. We used the dataset from the Duke cohort, because it was the only one for which the expression data for all 28 genes was available. As shown in Figure 3A , the biased signature effectively predicted overall survival, further confirming that a biased approach can lead to the discovery of cancer-relevant signatures (see Supplemental Table 3 ).
A 10-gene prognostic model in stage I lung adenocarcinomas. The next step in our experimental approach was to integrate models derived from unbiased and biased screenings. Thus, we combined the 49-gene model and the 28-gene biased signature. We also added 3 genes (SCGB3A1, TERT, and EIF3S6; see Methods and Figure 1 ) identified in the literature as individual prognostic markers for stage I lung adenocarcinoma (26) (27) (28) . This set of 80 genes demonstrated excellent predictive power for overall patient survival in Kaplan-Meier analysis of the Duke cohort, the only one for which expression data for all 80 genes were available ( Figure 3B and Supplemental Table 4 ).
The major goal of our efforts, however, was to identify a small number of genes, amenable to analysis using readily available technology (such as real-time PCR), that constitute a prognostic model that can be rapidly transferred to the clinical laboratory. Thus, we used TaqMan Low-Density Arrays (Applied Biosystems) to profile the IFOM training cohort, a set of 25 patients with stage I lung adenocarcinomas (Supplemental Table 1 ). At the time of our analysis, TaqMan Low-Density Arrays were available for 53 of the 80 genes (Supplemental Table 4 ). The results are summarized in Supplemental Table 4 . From these results, we excluded a number of genes that did not show variability between the good-and poorprognosis groups; 16 genes were therefore selected for further analysis using cutoff values of P ≤ 0.05 or fold change greater than 1.5 (Supplemental Table 4 ). The final prognostic model was obtained by the leave-one-out cross-validation procedure, with independent gene selection (P < 0.05 as cutoff; parametric Student's t test). We found that on the IFOM training cohort, a 10-gene model (Table 1 ) displayed a predictive accuracy of 84% (sensitivity, 90%; specificity, 80%) and a P value of 0.004 after 2,000 random permutations of class labels.
To confirm the robustness of this new prognostic model, we used it on the IFOM validation cohort, an independent cohort of 45 stage I lung adenocarcinomas (Supplemental Table 1 ). Univariate and multivariate analysis showed that the 10-gene model predicted survival of patients more accurately than did tumor stage (IA versus IB), grading, age, sex, or presence of mutated KRAS ( Table 2 ). The 10-gene model was also independent of tumor histological subtype (bronchoalveolar cell carcinoma versus adenocarcinoma; Supplemental Table 5 ). Kaplan-Meier survival curves showed a significant difference in the survival rate of patients stratified according to the 10-gene prognostic model (P = 0.008, log-rank test; Figure 4 ). It is also of note that our 10-gene model showed very good predictive power in Kaplan-Meier analysis and multivariate analysis of the Duke cohort, for which microarray expression data for all 10 genes were available (Figure 4 , Supplemental Figure 2 , and Supplemental Table 6 ).
Importantly, the 10-gene model retained excellent predictive power also when patients with stage IA and IB disease were considered separately (Supplemental Figure 3) . In particular, it was able to accurately predict prognosis in stage IA patients from both the IFOM and Duke cohorts. This is relevant, because the 5-year survival rate of stage IA NSCLC patients ranges from 67% to 77% (30-32) after surgery alone. Thus, in this group, molecular tools for prognostic prediction and patient stratification are greatly needed. On the other hand, the 10-gene model did not show pre-dictive power on stage II-III adenocarcinomas (Supplemental Figure 2) , possibly suggesting the existence of additional molecular mechanisms, occurring in more advanced lung carcinomas, that might influence the natural history of the tumor. Thus, the sum of our findings indicates that we have identified a prognostic signature specific for stage I lung adenocarcinoma.
One final question concerned the performance of our 10-gene model with respect to other prognostic models in NSCLC. Three prognostic models are described in the literature: a 5-gene model described by Chen et al. (33) , and 50-and 100-gene models described by Beer et al. (9) . These models were challenged against our 10-gene model on the independent Duke cohort of patients with stage I disease. While all of the models displayed good predictive accuracy, the 10-gene model displayed an overall better performance in terms of accuracy, sensitivity, specificity, and positive and negative predictive values (Table 3) .
A fourth model composed of 134 genes was previously described by Potti et al. (16) . This 134-gene "lung metagenes" model is somewhat different from our 10-gene model and from the other models described above. It is composed of several metagenes that are used to partition the samples recursively into smaller groups and predict recurrence through binary classification-tree analysis (16) . Consequently, a direct comparison of our 10-gene model with the 134-metagene model on an independent cohort was unfeasible. However, when we compared the prognostic power of the 134-metagene model ( Table 3) as described by the authors (16), we found that its overall performance was similar to that of our model, which uses only 10 genes.
Discussion
When we embarked upon the analysis of stage I lung adenocarcinomas with our integrated approach, we did so with the prospect of identifying more stable signatures than those obtained by unbiased profiling alone. As a consequence, we hoped to isolate a prognostic predictor that was of limited size and amenable to reduction into practice with technologies commonly available in the clinical laboratory. Indeed, we identified a 10-gene signature that, by real-time PCR technology, predicted prognosis and overall survival of patients with stage I lung adenocarcinomas. Furthermore, the 10-gene model appeared robust enough to withstand validation across different technological platforms, as shown by its predictive power on the Duke dataset, which was generated by Affymetrix technology. The major difference between our approach and the widely employed, more traditional ones (9, 11, 13, 14, 18, 20) was our merging biased and unbiased signatures. A biased approach to cancer transcriptomes relies on the assumption that a limited number of altered signaling pathways leads to the development of a malignant state. Thus, molecular tools that cause the transformation of genetically uniform cells in vitro might be used to circumvent the problems connected with unbiased transcriptome analysis, such as high individual genetic noise. We previously validated such an approach by showing that a signature obtained in myotubes that were forced to reenter the cell cycle by the E1A oncogene contained genes overexpressed in human tumors that could predict an unfavorable prognosis in breast cancer (25) . In the present study, we showed that the same biased signature could, by itself, predict clinical outcome in patients with stage I lung adenocarcinomas. It is of note that the 28-gene biased signature did not emerge from the analysis of lung cancer microarray datasets, either in this study or in other studies (9, 11, 13, 14, 18, 20, 33 ) -the only exception is SYNCRIP, reported in a recent study (16) . This confirms the power of our biased approach in revealing gene expression programs not otherwise easily identifiable. Finally, the composition of the 10-gene prognostic model confirmed the hypothesized efficacy of our integrated approach, as it consisted of 5 genes derived from the E1A signature (NUDCD1, E2F1, MCM6, RRM2, and SF3B1), 4 genes from the meta-analysis of microarray data (HOXB7, SERPINB5, E2F4, and HSPG2), and 1 gene (SCGB3A1) from the literature.
We note that the 10-gene model, when tested by real-time PCR or on Affymetrix datasets (IFOM and Duke cohorts, respectively) in a total of 104 patients, displayed a predictive power of about 75% (79% for the Duke cohort, 71% for the IFOM cohorts). This indicates the existence of a subgroup of patients for whom our model is not predictive. One possible explanation for this is that the existence of genetically distinct subtypes of lung adenocarcinoma (10, 12) might have exerted a limited negative effect on the accuracy of our prognostic model, as well as of other published models (9, 16, 33) . An alternative explanation is that, because of limitations in the availability of TaqMan Low-Density Arrays at the time we performed the experiments, we could only analyze 53 of 80 genes of our 80-gene model to derive the final model. Thus, it will be interesting to extend our validation to the remaining genes in an attempt to achieve an even higher level of accuracy.
There are potential clinical implications of our findings. On the one hand, they provide prognostic tools. On the other, they might identify targets for molecular therapies or help to direct the choice of therapeutic regime. With respect to the first issue, one possible application of our model is patient stratification for the experimental testing of multimodality therapies. For instance, the disappointing results of adjuvant chemotherapy in stage I NSCLC might derive, at least in part, from the lack of reliable criteria for patient stratification, given the rather high rate of cure by surgery alone. Our 10-gene model might provide such a tool. While this will require large-scale studies, the feasibility of such studies should be greatly enhanced by the characteristics of our signature and our methodology of analysis. We note that a similar approach has been recently proposed by Chen et al., who identified a 5-gene real-time PCR signature predictive of clinical outcome in NSCLC patients (33) . We compared the performance of our signature with that of Chen et al. on the Duke cohort, which constitutes an independent dataset for both signatures, and found that our signature performed significantly better. We ascribe this to the fact that we specifically focused on adenocarcinomas of the lung, both in our meta-analysis and in subsequent validations of the integrated (34) (35) (36) with different gene expression patterns (10, 12) . Therefore, although unique prognostic signatures for NSCLC are more attractive because of their wider applicability, using independent prognostic signatures for squamous carcinomas and adenocarcinomas may be more biologically significant and less influenced by genetic heterogeneity.
An additional implication of our findings concerns their potential exploitation for the identification of novel therapeutic targets; this issue is directly linked to whether genes of our 10-gene model are relevant to lung carcinogenesis. Of course, no immediate biological implications can be derived from expression profile analysis. Nevertheless, we found it remarkable that, for many genes of our signature, there is ample literature indicating their association with cancer. For instance, the E2F family of genes, of which E2F1 and E2F4 are present in the signature, are crucial regulators of cell-cycle progression and have been implicated in numerous types of cancer (37, 38) . MCM6 is part of a family of proteins essential for the formation of the prereplicative complex in G1 and for DNA replication in S phase. Deregulation of the MCM complex results in chromosomal defects and is frequently detected in cancer (39, 40) . SERPINB5 (MASPIN) is a serine protease inhibitor, with multifaceted functions in the regulation of cell adhesion, motility, apoptosis, angiogenesis, and development, that is being actively studied for its potential usefulness as a diag-nostic cancer marker and a therapeutic target (41) . Other genes of our signature, such as SCGB3A1 (HIN-1) or NUDCD1 (CML-66), have been reported to be altered in cancer (28, 42) . While a comprehensive review of the relevant literature will be impossible here, it is clear that our signature identifies a set of genes whose involvement in cancer is already established or strongly suspected and that might constitute attractive targets for molecular therapies.
In this context, one of the most interesting genes is probably RRM2, which encodes the small subunit of the ribonucleotide reductase holoenzyme (RNR), an essential enzyme for DNA synthesis. The other subunit of RNR is encoded by the RRM1 gene, whose mRNA levels correlate with shorter survival in gemcitabine/ cisplatin-treated advanced NSCLC patients (43) (44) (45) (46) . Interestingly, RRM2 is also associated with resistance to a variety of chemotherapeutic agents, including gemcitabine (47, 48) . In pancreatic adenocarcinomas, direct targeting of RRM2 by siRNA enhanced chemosensitivity to gemcitabine both in vitro and in vivo (49) . In NSCLC, gemcitabine is one of the most active chemotherapeutic agents (50) . Our present findings establish that RRM2 is overexpressed in stage I lung adenocarcinomas and is part of a poor-prognosis signature in these tumors. Thus, RRM2 might constitute an appealing target for molecular therapies, also with the perspective of increasing responsiveness to certain drugs. At minimum, our findings should caution against the use of drugs such as gemcitabine in clinical trials in stage I lung adenocarcinoma exhibiting the poor-prognosis signature described here. Analyses of gene expression data were performed using BRB ArrayTools version 3.3.1 (http://linus.nci.nih.gov/BRB-ArrayTools.html). Microarray spot intensities below the minimum value of 10 (the BRB software default for Affymetrix array analysis) were excluded, and arrays were then normalized (centered) using the median value of the signal over the entire array. When we derived the 49-gene signature for the Michigan and Harvard reduced datasets, genes were excluded if less than 20% of their expression data across the patients had at least a 1.5-fold change in either direction from the gene's median value. Genes were also excluded if the percentage of data missing or filtered out exceeded 75%. All data were log-transformed (base 2). The 2-sample parametric Student's t test was used to select significant genes.
Methods

Meta
Class prediction analyses were performed with diagonal linear discriminant analysis. We estimated the prediction efficiency of the classifiers using the leave-one-out cross-validation, and the P value of each classifier was evaluated by 2,000 random permutations of the patient class labels.
Because data obtained with different microarray platforms were used in our study, the Affymetrix NetAffx web analysis tool was used to match probesets to identical genes. The 10-gene model was tested for prognostic predictive accuracy and compared with 3 other models of 5, 50 and 100 genes reported previously (9, 33) . The models were tested on the Duke cohort, because it represents an independent dataset for all models and because all the genes of the 4 models were present on the microarray platform used to generate the datasets of the Duke cohort. A fifth, previously reported prognostic model (134 genes; ref. 16 ) is shown for comparison. Because immediate comparison was impossible, the predictive accuracy of the model is reported as described in the original paper on 3 different cohorts of patients. NA, not available. A Accuracy (percentage of correctly predicted patients). B Sensitivity (probability that a patient with poor prognosis will be predicted as having a poor prognosis). C Specificity (probability that a patient with good prognosis will be predicted as having a good prognosis). D Positive predictive value (probability that a sample predicted as poor prognosis actually belongs to the poor prognosis group). E Negative predictive value (probability that a sample predicted as good prognosis actually belongs to the good prognosis group).
